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Abstract
Genome-wide association studies (GWAS) have transformed our understanding of the
genetics of complex traits such as autoimmune diseases, but how risk variants contribute to
pathogenesis remains largely unknown. Identifying genetic variants that affect gene expres-
sion (expression quantitative trait loci, or eQTLs) is crucial to addressing this. eQTLs vary
between tissues and following in vitro cellular activation, but have not been examined in the
context of human inflammatory diseases. We performed eQTL mapping in five primary
immune cell types from patients with active inflammatory bowel disease (n = 91), anti-neu-
trophil cytoplasmic antibody-associated vasculitis (n = 46) and healthy controls (n = 43),
revealing eQTLs present only in the context of active inflammatory disease. Moreover, we
show that following treatment a proportion of these eQTLs disappear. Through joint analysis
of expression data from multiple cell types, we reveal that previous estimates of eQTL
immune cell-type specificity are likely to have been exaggerated. Finally, by analysing gene
expression data from multiple cell types, we find eQTLs not previously identified by data-
base mining at 34 inflammatory bowel disease-associated loci. In summary, this parallel
eQTL analysis in multiple leucocyte subsets from patients with active disease provides new
insights into the genetic basis of immune-mediated diseases.
Author Summary
The human immune system has evolved to protect us from infection and cancer, whilst
avoiding damage to healthy tissue. If this complex system goes wrong, immune cells may
cause inappropriate inflammation and damage, resulting in clinical disease. Examples
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include inflammatory bowel disease and autoimmune vasculitis, characterised by inflam-
mation in the gut and blood vessels respectively. Genetic studies have identified many vari-
ants in our DNA code that predispose to such immune-mediated diseases. The majority of
these variants lie outside protein-coding regions, and so how they influence disease risk
remains largely unclear. Examining how genetic variants affect gene expression can help
bridge this gap in our knowledge, but these effects are highly dependent on the cellular or
environmental context such as tissue type or cellular activation status. We investigated the
genetic control of gene expression in five white blood cell subtypes taken from patients
with active inflammatory bowel disease and autoimmune vasculitis, and from healthy con-
trols. We report the novel observation of distinct variants that only affect gene expression
in patients with active inflammatory disease, and show that these effects can disappear fol-
lowing treatment. These findings provide new insights into the genetic basis of important
immune-mediated diseases.
Introduction
Most of the hundreds of disease-associated single nucleotide polymorphisms (SNPs) identified
by genome-wide association studies (GWAS) lie outside protein-coding regions, and are pre-
sumed to act by regulating gene expression [1, 2]. Investigating the effects of allelic variation on
transcription by expression quantitative trait locus (eQTL) mapping provides insights into
how risk loci influence disease susceptibility, and may identify pathways amenable to pharma-
cological intervention. eQTLs vary considerably between tissues and cell types [3–5], and so
when attempting to interpret GWAS signals through eQTL data, the context in which eQTLs
are present is critically important. eQTLs have been previously examined in cell lines [6, 7] or
in one or two primary immune cell types [5, 8, 9], but a comparative analysis of eQTLs across a
broad range of the major leucocyte subsets implicated in immune-mediated disease pathogene-
sis has not yet been carried out.
Most autoimmune diseases exhibit less than 50% concordance in monozygotic twins,
highlighting the importance of environmental factors in their pathogenesis [10]. Studies in
model organisms show that eQTLs vary in different environmental conditions [11, 12], and in
vitro stimulation of primary human immune cells can both abrogate and induce eQTLs [13–
15]. These experiments cannot, however, reproduce the in vivo inflammation that characterizes
human autoimmune and inflammatory disease. Moreover, these studies have typically been
limited to a few hundred genes (e.g. ref.s [14, 15]).
We hypothesised that an analysis of gene expression across different immune cell types in
both health and active inflammatory disease could provide additional insight into associations
between genotype and phenotype. Our study across five immune cell types provides the most
comprehensive comparison to date of the cells known to play roles in immune-mediated dis-
ease, and includes neutrophils, a key immune cell type for which a systematic eQTL analysis
has not been reported. We examined eQTLs across approximately 8,000 genes selected in an
unbiased manner, and by including both patients with active inflammatory disease and healthy
controls, we reveal eQTLs present only in the context of human in vivo inflammation. We
anticipate that such eQTLs may be important in understanding the heterogeneity in immune
responses between individuals, and may have implications for understanding the inter-individ-
ual variation in clinical course seen in autoimmune and infectious diseases.
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Results
We performed eQTL mapping using CD4 T cells, CD8 T cells, B cells, monocytes, and neutro-
phils isolated from the peripheral blood of healthy volunteers (HVs) and patients with rigor-
ously defined evidence of active inflammatory bowel disease (IBD: ulcerative colitis or Crohn’s
disease) or anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (AAV). Blood
was taken from IBD and AAV patients prior to initiation of treatment of the disease flare. We
performed transcriptome profiling using Affymetrix HuGene ST1.1 gene expression microar-
rays. IBD patients and HVs were genotyped using the Illumina Human OmniExpress12v1.0
BeadChip, and AAV patients using the Affymetrix SNP 6.0 platform.
Multiple immune cell-type eQTL analysis
Limiting the initial analysis to 91 IBD patients and 43 HVs genotyped on the Illumina Human
OmniExpress12v1.0 BeadChip (see Table 1 for sample sizes by cell type), we mapped local-act-
ing (cis) eQTLs using an additive genetic model for 9,041 probesets corresponding to 7,552
unique Entrez Gene IDs selected by highest variance (see Methods). Using separate analysis of
each cell type, we found a cis eQTL in at least one cell type for 4,524 (59.9%) of the 7,552 genes
analysed (5% FDR, see S1 Data for summary statistics).
We next investigated sharing of eQTLs across cell types. Previous reports have claimed that
eQTLs are highly specific to different leucocyte subsets [5]. These conclusions were based on
separate eQTL analysis in each cell type, followed by comparison of the resulting lists of signifi-
cant hits in each. As Flutre et al [16] highlighted, this approach fails to account for incomplete
power and leads to exaggerated claims of cell-type specificity. An eQTL truly present in two
cell types may pass the significance threshold in one but may fail to meet significance in
another, and thus falsely be called a cell-type specific eQTL. This may be due to random noise,
or because there is insufficient power to detect an eQTL which is weaker but nonetheless pres-
ent in the second cell type.
In order to more accurately estimate the degree of sharing of eQTLs across immune cell
subsets, we performed joint analysis across the 5 cell types using a Bayesian model (eQTL
Bayesian Model Averaging, or ‘eQTLBMA’ [16]) that, for each SNP-gene pair, assesses the
evidence for each possible configuration of eQTL absence/presence across the 5 cell types.
There are thus 25 − 1 = 31 possible configurations for an eQTL to be present in at least one of
5 tissues. Through joint analysis of all 5 cell types, we found that 3,440 probesets (correspond-
ing to 3,185 unique Entrez Gene IDs) had a significant cis eQTL (5% Bayes FDR). For each of
these probesets, we took the SNP with the highest posterior probability of being the eQTL.
Then for the resulting list of SNP-probeset pairs, we compared the posterior probabilities for
all possible configurations of eQTL presence/absence across cell types. This approach revealed
that 45.1% of eQTLs have the highest posterior probability for presence across all 5 cell types,
Table 1. Sample sizes.
CD4 T cell CD8 T cell Monocyte Neutrophil B cell All All* N
Healthy 42 41 41 39 20 18 35 43
IBD 79 67 83 82 60 47 58 91
AAV 41 40 45 43 - - 33 46
Number of individuals with expression and genotype data available following quality control, by disease and cell type. Column ‘All’ indicates the numbers
of individuals for whom expression data were available for all cell types.
*Samples available for all cell types excluding B cells. Column ‘N’ indicates the total number of individuals in each cohort.
doi:10.1371/journal.pgen.1005908.t001
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whereas only 9.9% have the highest posterior probability for presence of the eQTL in just one
cell type (Fig 1A). In stark contrast, using the naïve approach of separate analysis of each cell
type, followed by comparison of the lists of significant eQTLs found in each, over half of
eQTLs identified (5% FDR) were detected in only one cell type (S1 and S2 Figs and see S1
Text). This finding suggests that previous reports of marked immune cell-type eQTL specific-
ity from separate tissue analysis [5] were overstated.
For the AAV patients (n = 46), expression data were not available for B cells, so we used
eQTLBMA to perform eQTL modelling jointly across 4 cell types. This analysis detected eQTLs
for 899 probesets (corresponding to 845 genes), using a 5% Bayes FDR. Consistent with the anal-
ysis of the IBD-HV data, 44.4% of eQTLs had the best posterior probability for presence across
all 4 cell types, and only 12.1% were specific to a single cell type (Fig 1B). However, there was a
greater proportion of probesets with neutrophil-specific eQTLs in the AAV analysis (10.8%, ver-
sus 4.3% in the IBD-HV data), perhaps reflecting the increased neutrophil turnover or activation
that is prominent in AAV. This observation did not simply reflect that fewer cell types were
examined in the AAV analysis; re-analysis of the IBD-HV data excluding B cells found that 4.8%
were neutrophil-specific (S1 Text, S3 Fig). The finding of a higher proportion of neutrophil-spe-
cific eQTLs was also apparent from the one-at-a-time cell-type analysis; in AAV 27.2% of
eQTLs were detected in neutrophils only versus 9.7% in the IBD-HV data (S1 Fig).
Hierarchical clustering of cell types by their eQTL test statistics from separate cell-type anal-
yses recapitulated their haematopoietic differentiation; the myeloid and lymphoid cells cluster
together, with CD4 and CD8 T lymphocytes most closely related (Fig 2A). Examples of this
Fig 1. Estimates of eQTL sharing across leucocyte subsets from joint modelling of expression data across cell types (eQTLBMA). Number of
probesets with an eQTL, subsetted according to the number of cell types in which the eQTL was declared present. Each bar is subdivided according to which
cell type the eQTL was detected in. The denominator for the percentages shown is the total number of probesets for which an eQTL was detected in at least
one cell type. Analysis using PEER-adjusted expression data. (A) IBD and HV analysis. (B) AAV analysis. B cell RNA was not available for a sufficient
number of AAV patients for analysis. Key: CD4 = CD4 T cells, CD8 = CD8 T cells, CD14 = monocytes, CD16 = neutrophils, CD19 = B cells.
doi:10.1371/journal.pgen.1005908.g001
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sharing of eQTLs between related cell types include a myeloid-specific eQTL for KSR1 (at a
GWAS locus for Crohn’s disease) and T cell-specific eQTLs for DEPTOR andHTR6 (Fig 2B,
S4 Fig). We quantified the similarity in eQTL profiles between cell types using the Jaccard coef-
ficient. The Jaccard coefficient is defined as the intersect divided by the union of two sets (here,
the number of eQTLs common to a pair of cell types, as a proportion of the total number of
Fig 2. eQTL sharing is related to haematopoietic lineage. (A) Heatmap representation of the matrix of association statistics (chi-squared scores) from
one-at-a-time cell-type cis eQTL scans using PEER-adjusted expression data. Rows are SNP-gene pairs, columns are cell types, and the association
statistic (chi-squared score) is represented by the shading in the colour key. The stronger the association the darker the blue shading. Rows and columns
have both been hierarchically clustered. Analysis has been limited to the set of individuals with complete expression data across cell types to ensure equal
statistical power (5 and 4 cell types in the IBD-HV and AAV analyses respectively). (B) Examples of cell- and lineage-specific eQTLs. From top: monocyte-
specific, myeloid-specific, and two T lymphocyte-specific eQTLs. For ease of biological interpretation, here we show RMA-normalised expression values
before adjustment for batch, sex and latent factors with PEER. Boxplots indicate median, and upper and lower quartiles. For PEER-adjusted values, see S4
Fig. Blue and red dots represent HV and IBD respectively. P-values are from association using PEER-adjusted data. ns = not significant. PPg = posterior
probability that the gene has at least one eQTL in at least one cell type (joint cell type analysis with eQTLBMA). PPs = posterior probability that the SNP is an
eQTL for the gene in at least one cell type, given that the gene has an eQTL. ‘Best config’ = best configuration of eQTL presence (1) / absence (0) across the
5 cell types. PPconf = posterior probability for the best configuration.
doi:10.1371/journal.pgen.1005908.g002
eQTL Mapping in Multiple Cell Types in Immune-Mediated Disease
PLOS Genetics | DOI:10.1371/journal.pgen.1005908 March 25, 2016 5 / 29
eQTLs identified in either or both cell types). Using the Bayesian method of joint analysis
across cell types, the Jaccard coefficient for CD4 and CD8 T cells was 100% for both the
IBD-HV dataset and the AAV dataset (S5 Fig). Sharing of eQTLs between lymphoid and mye-
loid cells was less common, with, for example, Jaccard coefficients of 48% and 45% between
CD4 T cells and neutrophils in the IBD-HV and AAV data respectively.
For comparison, we also calculated the Jaccard coefficients based on eQTLs detected
through separate analysis of each cell type. To do this, we restricted the analysis to individuals
for whom expression data were available for all cell types being compared (n = 65 for the 5 cell-
types in the IBD-HV analysis, and n = 33 for the 4 cell types in the AAV analysis). By using the
same set of individuals, the sample size and genotype matrix (predictor variables) were identi-
cal for each cell type. This both ensures equal statistical power for each cell type and controls
for inter-individual variability. Nevertheless, as highlighted by Flutre et al [16], separate tissue
analysis results in under-estimation of eQTL sharing as a consequence of incomplete power (as
occurs with any finite sample size), even if power is equal for each tissue. Using separate cell-
type analysis, CD4 and CD8 T cells again had the most similar eQTL profiles, but the Jaccard
coefficient was 40% in the IBD-HV analysis, and only 31% in AAV (S1 Fig). The lower propor-
tion in the AAV dataset highlights how, as sample size and power decrease, the under-estima-
tion of eQTL sharing that results from separate cell-type eQTL analysis worsens. This confirms
that separate cell-type analysis identifies fewer shared eQTLs than joint analysis across cell
types with the Bayesian method.
To investigate whether the Bayesian model unduly favoured declaring eQTLs as shared
across all cell types, we randomly permuted the sample labels for the CD4 T cell expression
data, leaving the genotype data and the expression data for the other cell types unchanged, and
then re-ran the analysis with eQTLBMA. After permutation of the CD4 T cell expression data,
very few eQTLs were declared in CD4 T cells, and the Jaccard coefficient between CD4 and
CD8 T cells was 0.1% (S1 Text, S6 Fig), indicating that eQTLBMA is behaving appropriately.
To explore the possibility that eQTL cell-type specificity reflected lack of gene expression in
some cell types, we re-ran the joint eQTL mapping across cell types in the IBD-HV data, limit-
ing analysis to 5,186 probesets with evidence of robust expression in all 5 cell types (Methods).
This showed that eQTL sharing was greater amongst these genes, with 64% of eQTLs found in
all 5 cell types (S7 Fig). Therefore, lack of expression accounts for some, but not all, of the
eQTL cell-type specificity that we observed.
Finally, whilst most eQTLs shared across cell types had the same direction of effect, a small
proportion of these “shared” eQTLs acted in opposing directions (Fig 3A, S8–S11 Figs). Exam-
ples include eQTLs for CD52 and CD101 (Fig 3B). Independent analysis of the AAV cohort
confirmed this observation, indicating that these eQTLs with discordant effects between cell
types are unlikely to be false positives (S1 Text).
Identification of eQTLs specific for active inflammatory disease
To identify eQTLs that are specific for active inflammatory disease in a statistically robust man-
ner, we analysed the IBD-HV data using a linear model with a genotype × disease interaction
(G×D) term. A significant G×D interaction term for a SNP-gene pair indicates that the effect
of genotype on expression is significantly different in IBD versus health. In biological terms,
this includes (i) eQTLs present in health but abrogated in IBD, (ii) eQTLs present in IBD but
not in health, (iii) eQTLs with opposing directions of effect in health compared to IBD, and
(iv) eQTLs whose effects in health and IBD are in the same direction, but of significantly differ-
ent magnitudes. More formally, the interaction term assesses whether there is a significant dif-
ference in the slope of the genotype-expression regression line between healthy individuals and
eQTL Mapping in Multiple Cell Types in Immune-Mediated Disease
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IBD patients i.e. whether the effect size of a unit change in allele dose on expression is signifi-
cantly different between health and disease (S12 Fig). Fitting a model with an interaction term
is statistically more robust than the naïve approach of separate analysis of IBD and HV cohorts,
followed by comparison of the resulting lists to find eQTLs specific to one group or the other
(see Methods and S1 Text).
We used a ‘two-step’ procedure to increase power (Methods) and a 15% FDR as the signifi-
cance threshold. Given the relative lack of statistical power to detect interaction effects compared
to main effects, and our relatively modest sample sizes, we felt a 15% FDR provided a reasonable
balance between false positives and false negatives. Using this threshold, we identified 13 genes
Fig 3. eQTLs with opposing directions of effect between cell types. (A) Detection of eQTLs with opposing directions of effect between CD8 T cells and
monocytes (IBD-HV data). Each point represents a SNP-gene association which was significant in both cell types. The axes show the estimated effect size
(beta) of genotype on expression in each cell type. SNP-gene pairs with opposing directions of effect between cell types, and the names of these genes, are
shown in red. (B) Two examples of such divergent eQTLs. Upper panels: IBD-HV data genotyped on Illumina Human OmniExpress Beadchip (red
points = IBD patients, blue = HVs). Lower panels: this observation is replicated in AAV cohort genotyped on Affymetrix SNP 6.0 platform. r2 1 between
rs10493030 and rs17257169. r2 0.6 between rs10494191 and rs4659051.
doi:10.1371/journal.pgen.1005908.g003
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with an eQTL exhibiting a G×D interaction effect across the cell types examined (Fig 4, S1
Table). In CD4 T cells, for example, rs11230584, a SNP located between CD5 and CD6 was asso-
ciated with expression of both genes in IBD patients but not in healthy individuals (Fig 4A). For
CD6, uncorrected p-values, Benjamini-Hochberg adjusted p-values and q-values for the G×D
interaction were 7.2×10−7, 0.00048, and 0.00048 respectively, and for CD5 5.6×10−5, 0.0038, and
0.0019. CD5 and CD6 play important roles in lymphocyte signalling (see Discussion), and there-
fore this inflammatory disease-specific eQTL is likely to lead to differences in immune responses
according to genotype. Interestingly, not all the genes with disease-specific eQTLs have strictly
immunological functions. For example, in neutrophils we identified an eQTL for CTDP1 in both
the IBD and the AAV cohorts that was absent in health (Fig 4E). CTDP1 encodes a protein phos-
phatase, FCP1, which regulates gene expression by dephosphorylating the C-terminus of the
largest subunit of RNA polymerase II. Thus this analysis reveals the novel and potentially clini-
cally relevant observation of eQTLs present only in the context of inflammatory disease.
For patients with AAV, in addition to the baseline samples, we also measured gene expres-
sion in peripheral blood monocytes and neutrophils taken 3 months and 12 months into treat-
ment (Table 2). The treatment of active AAV begins with induction therapy with intensive
immunosuppression. This consists of high-dose corticosteroids, and cyclophosphamide (a
cytotoxic agent) or rituximab (a monoclonal antibody against CD20 which causes B cell deple-
tion). The corticosteroid dose is slowly weaned, and once a period of stable remission has been
achieved, patients are switched to maintenance immunosuppression (typically low-dose corti-
costeroids plus azathioprine). In the example of CTDP1, we found that the eQTL present in
active IBD and AAV is absent in AAV patients at 3 or 12 months, providing convincing evi-
dence that the eQTL is inflammation- rather than disease-specific.
To compare eQTL profiles in AAV pre- and post-treatment more generally, we used the
same Bayesian model averaging method (eQTLBMA) that we used for the analysis of cell-type
specificity. For this analysis, the subgroups were not cell types, but instead were time points.
These were a) time 0 (pre-treatment, when vasculitis is newly diagnosed or flaring), b) time 3
months (3 months into induction therapy), and c) time 12 months (patients on maintenance
immunosuppressive therapy). In mononcytes, no time zero-specific eQTLs were identified. In
neutrophils, joint analysis of the three timepoints identified eQTLs for 288 probesets corre-
sponding to 262 unique genes (5% Bayes FDR). For 14% of these genes, the ‘best’ model (i.e.
the configuration with the highest posterior probability) was that eQTL is only present at time
zero (Fig 5A). Examples includeMTOR, NPHP3, and SREBF1 (Fig 5). Thus we show that
eQTLs present in active untreated AAV can disappear after treatment. These eQTLs are proba-
bly inflammation-dependent, although their absence post-treatment could reflect drug effects
independent of the resolution of inflammation.
eQTLs provide insights into disease-associated variants from GWAS
To identify the effects of disease-associated SNPs on gene expression, we took SNPs associated
with complex traits listed in the National Human Genome Research Institute GWAS catalogue,
and proxy SNPs in high linkage disequilibrium (LD) (r2>0.8), and examined their overlap
with eQTL SNPs (eSNPs) from our analyses (IBD-HV S2 Table, AAV S3 Table). We initially
focused on IBD as its genetic basis has been extensively studied; a recent GWAS meta-analysis
identified 163 independent risk loci [17]. At 34 IBD-associated loci (CD, UC, or both) we iden-
tified eQTLs from the analysis of the IBD-HV data that were not previously apparent from
eQTL database mining [17] (18 where no eQTL was identified previously, and 16 where we
found eQTLs for additional genes; S13 and S14 Figs). When combined with those described in
ref. [17], our findings increase the number of IBD-risk loci with eQTLs from 64 to 82.
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Fig 4. Distinct eQTLs in active inflammatory disease. Analysis using expression data batch-corrected with ComBat. (A) An eQTL for CD5 andCD6 is
present in CD4 T cells from patients with active IBD but not in HVs. Upper panel: genomic features around the eQTL SNP including nearby genes and
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Disease-associated SNPs are often assumed to exert their effect through the nearest gene but
we found that intronic disease-associated SNPs may instead affect the expression of other
genes in the region. For example, rs8049439, an intronic SNP in ATXN2L associated with
early-onset IBD [18], is an eQTL for the neighbouring TUFM in all five cell types examined
(Fig 6A), but not for ATXN2L itself. These data allow the creation of a revised list of ‘IBD-asso-
ciated genes’ based not on proximity to disease-associated SNPs, but instead upon the biologi-
cal effects that these SNPs have on gene expression (S15 and S16 Figs, S4 Table).
Analysis of the direction of effect and cell-type specificity of eQTLs can provide important
insights into the role of genetic variation on disease pathogenesis. To illustrate this, three exam-
ples will be described. The first demonstrates how detailed eQTL analysis can revise assump-
tions about genetic contributions to pathogenesis. rs102275, an intronic variant in TMEM258
associated with Crohn’s disease [19], is an eQTL for FADS2 in all cell types examined (Fig 6B).
FADS2 encodes fatty acid desaturase 2, a rate-limiting enzyme in the conversion of linoleic
acid to pro-inflammatory arachidonic acid. FADS2 knockout mice develop duodenal and ileo-
cecal ulceration [20], leading to speculation that FADS2 expression is protective against IBD
[19]. However, the risk allele (G) for Crohn’s disease is associated with increased, not
decreased, FADS2 expression (Fig 6B), suggesting that higher FADS2 expression may in fact
increase IBD susceptibility. Simply demonstrating that a SNP is associated with both disease
and gene expression is not sufficient to infer causality as there may be two distinct causal vari-
ants in LD. We therefore performed colocalisation testing [21] of the eQTL for FADS2 and for
IBD. In all five cell types, this provided strong evidence that the causal variant for the eQTL
and Crohn’s disease susceptibility was the same (posterior probability>98%).
Detailed eQTL mapping may also help differentiate between multiple biologically plausible
candidate genes. For example, GWAS have identified an association between rheumatoid
arthritis and rs3761847, a SNP in an LD block that encompasses two genes that have been
implicated in chronic inflammation: TRAF1 and C5 [22, 23] (Fig 7A, S17 Fig). Our data reveal
that this SNP is an eQTL for TRAF1 expression in B cells (Fig 7B) and C5 expression in mono-
cytes. In B cells rs3761847 is the most significant eSNP for TRAF1 expression (p 4×10-5). How-
ever, rs3761847 is in weak LD (r2 0.35) with the most significant eSNP for monocyte C5
expression (rs10818504, p 3×10-9). After conditioning on rs10818504, there is no residual asso-
ciation of the rs3761847 with monocyte C5 expression (p 0.98), leading to the conclusion that
rs3761847 is likely to drive disease susceptibility through TRAF1 in B cells, and not through
modulating C5.
histone marks from ENCODE lymphoblastoid cell line (hg19 build). Lower panels: expression versus genotype boxplots. The lines indicate the estimated
best fit line from the regression of expression on genotype within each cohort. The p-value for the test of the null hypothesis that the coefficient for the
genotype term equals zero is shown on the plot. The p-value for genotype × disease interaction term is shown above. (B-D) Further examples of inflammatory
disease-dependent eQTLs. Where a proxy SNP was present on the Affymetrix SNP 6.0 array, the AAV expression data is also shown. (E) Inflammation-
specific eQTL. t0 = 0 months, t3 = 3 months, t12 = 12 months.
doi:10.1371/journal.pgen.1005908.g004
Table 2. AAV pre- and post-treatment sample sizes.
time 0 3 months 12 months
Monocyte 45 29 24
Neutrophil 43 31 26
Number of AAV patients with expression and genotype data available following quality control, by cell type
and time point.
doi:10.1371/journal.pgen.1005908.t002
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Fig 5. eQTLs present in active inflammatory disease can resolve after treatment. (A) Number of probesets with eQTLs in neutrophils in active AAV and
after treatment. (B-G) Examples of neutrophil eQTLs present in active vasculitis which disappear with treatment. PPg = posterior probability that the gene has
eQTL Mapping in Multiple Cell Types in Immune-Mediated Disease
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at least one eQTL in at least one time-point. PPs = posterior probability that the SNP is an eQTL for the gene in at least one timepoint, given that the gene has
an eQTL. PPconf = posterior probability for the ‘configuration’ present at time zero and absent at both 3 months and 12 months.
doi:10.1371/journal.pgen.1005908.g005
Fig 6. Multiple cell-type analysis provides new insights into effects of IBD-associated SNPs on gene expression. (A) An intronic SNP in ATXN2L
associated with early-onset IBD is an eQTL for TUFM in all cell types examined (FDR <0.0001). Left: Genomic features in the region showing position of the
disease-associated SNP, nearby genes, and ENCODE histone marks. Right: eQTL boxplots. Red and blue points indicate IBD patients and HVs
respectively. (B) An IBD-associated SNP, rs102275, is an eQTL for FADS2. Left: genomic features in the region. “GWAS” indicates disease-associated
SNPs from NHGRI GWAS catalogue. *position of rs102275. Right: Crohn’s disease (CD) risk allele (G) is associated with increased FADS2 expression. P-
values calculated from score tests. Below: Manhattan plots showing FADS2 eQTL association signal (black), and IBD and CD association signals from the
meta-analysis by Jostins et al [17]. eQTL p-values are from linear regression of expression on genotype with disease status as covariate (lm function in R).
doi:10.1371/journal.pgen.1005908.g006
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Finally, comprehensive eQTLmapping may implicate new candidate genes. NOD2 is central
to responses to intracellular pathogens, and SNPs in the NOD2 region have been linked to lep-
rosy and Crohn’s disease [17, 24]. rs9302752 lies betweenNOD2 and SNX20 in a susceptibility
locus for leprosy but not Crohn’s disease, and has been presumed to predispose to leprosy via
altering NOD2 expression [24, 25]. We find an eQTL at this locus not only for NOD2 but also for
SNX20 in neutrophils, monocytes and CD4 T cells, with the direction of effect on expression of
both genes in neutrophils opposite to that in monocytes and CD4 T cells (Fig 8). Independent
analysis of the AAV data confirmed the discordant effect of the eQTL in neutrophils.NOD2 and
SNX20 are transcribed in opposite directions, and so may share a common regulatory element.
Consistent with this, the Pearson correlation coefficients betweenNOD2 and SNX20mRNA lev-
els are 0.69, 0.54, 0.54 in neutrophils, monocytes and CD4 T cells respectively (PEER-adjusted
IBD-HV expression data), and ENCODE data suggests active regulatory elements in this region
(Fig 8). SNX20 cycles P-selectin glycoprotein ligand-1 (PSGL1) into endosomes, controlling its
interaction with the cell adhesion molecules P-, E- and L- selectin on myeloid cells and activated
T cells. WhilstNOD2 remains the leading candidate gene at this locus, the eQTL data indicates
consideration should also be given to the role of SNX20.
Discussion
We performed eQTL mapping in the context of either active inflammatory disease or health in
five leucocyte subsets that play key roles in the pathogenesis of immune-mediated diseases.
Previous reports have suggested that eQTLs are highly specific to immune cell subsets [5]. A
naïve interpretation of our data would lead to the same conclusion. Performing eQTL analysis
separately in each cell type, and comparing the results obtained from each, suggested that just
5% of genes share eQTLs across all the cell types examined. While closely related cell types
appeared to share more eQTLs, even among CD4 and CD8 T cells less than half of eQTLs were
detected in both. However, this approach fails to accounts for incomplete power and leads to
substantial underestimates of eQTL sharing. When our data are analysed with a more sophisti-
cated joint modelling approach, estimates of the proportion of eQTLs present in all five cell
types examined rises to 45%.
eQTL analysis of multiple cell types, whether performed with joint modelling across cell
types or through one-at-a-time analysis of each cell type, identified many more eQTLs than
analysis of any given single cell type. This highlights the importance of studying eQTLs in
Fig 7. eQTL analysis helps identify genesmediating autoimmune disease risk. (A) TRAF1-C5 locus with genomic features as in Figs 4 and 6. (B)
Rheumatoid arthritis susceptibility SNP rs3761847 (risk allele G) is an eQTL for TRAF1 in B cells. Red and blue points indicate IBD and HV respectively.
doi:10.1371/journal.pgen.1005908.g007
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Fig 8. Multiple cell-type eQTL analysis and the genetic aetiology of autoimmune and infectious diseases. An eQTL for bothNOD2 and SNX20, with
opposing directions of effect in neutrophils versus CD4 T cells and monocytes, at a leprosy-associated locus (r2 0.922 between eSNP rs1981760 (*) and
leprosy-associated SNP rs9302752). (A) Genomic features in the SNX20-NOD2 region. Tracks from top: 1) Chromosome ideogram. Red line indicates the
position of the region. 2) Chromosomal position. 3–4) Manhattan plots of association signals for NOD2 and SNX20 expression in monocytes and neutrophils
(IBD-HV analysis). 5) Disease associated SNPs from the NHGRI GWAS catalogue. 6) RefSeq genes. 7–9) Histone marks from ENCODE. (B) Expression
versus genotype boxplots.
doi:10.1371/journal.pgen.1005908.g008
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relevant cell types, and emphasises that studies using a single tissue or mixed cell populations
such as whole blood [26] will fail to detect the effects of many GWAS loci on transcription.
We identified eQTLs with opposing directions of effect between cell types, including
eQTLs for CD52 and CD101. Soluble CD52 inhibits activated T cells through SIGLEC-10 [27],
while CD101 is an inhibitor of T cell proliferation. This implies that a single genetic variant
with contrasting effects on gene expression in different cell types could result in complex
downstream impacts on immunity. eQTLs with discordant effects between cell types tended
to have smaller effect sizes than eQTLs where the direction of effect was consistent (S8–S11
Figs). We suspect this general pattern is biologically meaningful. eQTLs with large effect sizes
that are concordant between cell types may reflect a different underlying regulatory mecha-
nism to the more subtle regulatory variants that can have different directions of effect in dif-
ferent contexts.
Our eQTL analysis provides new insights into disease-associated genetic variants. At 34
IBD-associated loci we identified eQTLs that were not previously apparent from eQTL data-
base mining [17], highlighting the power of studying multiple leucocyte subsets from patients
with active inflammatory disease. This eQTL study not only helps prioritise candidate genes,
but also provides information on whether disease-associated SNPs up- or down-regulate these
genes. This is important because it may challenge current assumptions about the roles such
candidate genes play in pathogenesis. For example, our data indicate that higher FADS2
expression may increase IBD susceptibility, which was not apparent from the phenotype of
FADS2 knock out mice.
This study reveals eQTLs present only in the context of inflammatory disease. For example,
we identified a SNP, rs11230584, that is associated with both CD5 and CD6 expression in
patients with active IBD, but not in healthy individuals. CD5 and CD6 are both transmem-
brane glycoproteins expressed on T cells and on the B1 subset of B cells. CD5 acts a negative
regulator of T cell receptor signalling [28]. In addition, CD5 expression activates multiple
intracellular pathways, leading to the production of the type II cytokines IL-5, IL-10 and IL-13.
CD6 is involved in the immunological synapse acting as a T cell co-stimulatory molecule, and
anti-CD6 monoclonal antibodies have been used in clinical trials for the treatment of psoriasis
[29]. Accordingly, this eQTL may result in genotype-dependent differences in immune
responses, and perhaps even in responses to anti-CD6 therapy. In addition to identifying
eQTLs dependent on disease state, we also show that eQTLs present in active inflammatory
disease can disappear following treatment.
In order to identify inflammatory disease-dependent eQTLs in a statistically rigorous man-
ner, we used a linear model with a genotype × disease (G×D) interaction term. The statistical
power to detect interaction effects is lower than for so-called ‘main’ effects (in this study, the
marginal effect of genotype on expression). A limitation of this study was the relatively modest
sample sizes, and we highlight that we used a 15% FDR for the G×D interaction analysis com-
pared to a 5% FDR throughout the rest of the analyses. Because our power to detect G×D
effects was limited, it is likely that a higher proportion of eQTLs identified in our analyses of
the IBD and AAV cohorts are disease-specific than is apparent from the results of the interac-
tion analysis. Of note, the proportion of neutrophil-specific eQTLs in the AAV analysis was
over twice that in the joint IBD-HV analysis. Given the prominent neutrophil turnover and
activation seen in AAV, we hypothesise that this observation may be driven by AAV-specific
eQTLs in neutrophils. Whilst eQTLs present only after in vitro activation of immune cells have
been described [13–15], such experiments are unphysiological and cannot fully recapitulate the
complexity of cellular activation in vivo. The eQTLs we identified, using relevant tissues in the
context of in vivo inflammation, are important to the appropriate interpretation of the func-
tional effects of SNPs identified through GWAS.
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Clinical outcomes vary considerably between patients with the same autoimmune disease,
with some individuals experiencing a relatively indolent course, while others suffer from more
aggressive disease. The majority of genetic studies to date have focussed on identifying genetic
variants that predispose to disease, but candidate SNP studies have revealed differential out-
comes according to genotype in Crohn’s disease, rheumatoid arthritis, malaria and tuberculous
meningitis [30, 31]. Genetic variants that drive outcome once disease is established may only
act as eQTLs in patients with active inflammatory disease, and not in healthy individuals.
Therefore inflammatory-disease specific eQTLs, such as the eQTL for CD5 and CD6, may be
important for understanding the heterogeneity of clinical course in autoimmune and infectious
diseases.
In summary, we reveal that the consequences of genetic variation on gene expression are
complex, and may vary between cell types, between health and inflammatory disease, and
before and after treatment. This study, using parallel eQTL mapping in a broad panel of rele-
vant cell types from both healthy individuals and patients with active inflammatory disease,
provides increased understanding of the biology underlying the genetic basis of immune-medi-
ated diseases.
Methods
Ethics statement
Ethical approval for this work was obtained from the Cambridgeshire Regional Ethics Com-
mittee (REC08/H0306/21). All participants provided written informed consent.
Subjects
We recruited a cohort of adult healthy volunteers, free from autoimmune disease or any other
chronic condition and not taking any regular medication at the time of enrolment. Adult
patients with active inflammatory bowel disease (Crohn’s disease or ulcerative colitis) were
recruited from a specialist inflammatory bowel disease clinic at Addenbrooke’s hospital in
Cambridge, UK, prior to commencing treatment, as described previously [32]. Diagnosis was
made using standard endoscopic, histopathological, and radiological criteria. Patients receiving
immunomodulators or corticosteroids were excluded to avoid potential confounding effects on
gene expression. Patients with a diagnosis of ANCA-associated vasculitis (either granulomato-
sis with polyangiitis, formerly Wegener’s granulomatosis, or microscopic polyangiitis, but not
eosinophilic granulomatosis with polyangiitis, formerly Churg-Strauss syndrome) and evi-
dence of active disease were recruited from a specialist clinic at Addenbrooke’s Hospital. Active
disease was defined by Birmingham Vasculitis Activity Score (BVAS), elevated acute phase
markers, and the clinical assessment that induction immunosuppression would be required to
manage disease, as described previously [33]. 27 of 46 AAV patients were venesected at the
time of first clinical presentation prior to treatment. The remainder had clearly defined flares
of previously quiescent disease on stable maintenance therapy, and required treatment with
induction immunosuppression. See S5 Table for more detailed demographics.
Immune cell subsets
Cell separations were performed using positive selection with magnetic-activated cell sorting
(MACS) as previously described [34]. Blood samples (100 ml) were collected into 4% sodium
citrate and PBMC isolated by centrifugation over Histopaque 1077 (Sigma). The PBMC sample
was split into two aliquots and CD14 monocytes were isolated from one aliquot and CD19 B
cells from the other by magnetic cell sorting using CD14 and CD19 microbeads (Miltenyi
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Biotec) according to the manufacturer’s instructions. CD4 and CD8 T cells were then isolated
from the CD14 and CD19 negative fractions, respectively, by magnetic cell sorting using CD4
and CD8 microbeads as described by the manufacturer. CD16 neutrophils were obtained from
the red cell/granulocyte pellet by red cell lysis followed by positive selection using CD16
microbeads as described by the manufacturer.
Nucleic acid extraction
RNA was extracted from cell lysates using either Qiagen RNEasy Mini Kits or Qiagen Allprep
kits according to the manufacturer’s instructions. RNA quality was assessed using an Agilent
Bioanalyser 2100 (Agilent Technologies) and quantified by spectrophotometry using a Nano-
Drop ND-1000 spectrophotometer (Thermo Scientific). Genomic DNA was extracted using
Qiagen Allprep kits according to the manufacturer’s instructions and quantified as above.
Genomic DNA genotyping and genotype data quality control (QC)
Patients with IBD and healthy controls were genotyped using the Illumina Human OmniEx-
press12v1.0 BeadChip at the Wellcome Trust Sanger Institute according to the manufacturer’s
protocol. After genotype calling with Illumina GenCall software, SNP data was processed in
the following sequence using PLINK [35]. Samples with a sex mismatch, abnormal heterozy-
gosity, proportion of missing SNPs>5%, and duplicated or related samples (identified using
Identity by State) were removed. SNPs with missing calls>5%, extreme deviation from Hardy-
Weinberg Equilibrium (p-value<1×10-8), or which were monomorphic were removed. Finally,
principal components analysis of the post-QC genotype calls combined with calls from Hap-
Map3 founder individuals (downloaded from http://hapmap.ncbi.nlm.nih.gov/), using the R/
Bioconductor snpStats package, confirmed all samples were of European ancestry (S18 Fig).
Genotype data was read into R version 3.02 (http://www.R-project.org/) using the snpStats
package, and stored as a SnpMatrix object. SNPs with minor allele frequency (MAF)<5% were
excluded from eQTL analysis, leaving 626,858 autosomal SNPs. These data have been depos-
ited in the European Genome-phenome Archive (EGA) and are available on request
(EGAS00001001251).
Genotype data for AAV patients were available from a previous GWAS [36]. Briefly, geno-
typing was performed by AROS Applied Biotechnology (Aarhus, Denmark) using the Affyme-
trix SNP 6.0 Platform. SNP genotypes were called using the CRLMM algorithm [37], and
standard QC performed as described previously [36].
Gene expression measurement, pre-processing and QC
200 ng RNA was processed for hybridization onto Affymetrix Human Gene ST 1.1 microar-
rays, according to the manufacturer’s instructions, prior to scanning. Microarrays were pro-
cessed with the automated GeneTitan instrument which uses a 96-well plate. Chip probe
intensity files (.CEL) were read into R version 3.02 using the Bioconductor oligo package [38].
Raw intensity values were pre-processed with the Robust Multi-array Average (RMA) algo-
rithm which performs background correction, quantile normalization, log2 transformation and
summarization to gene level via a median polish. Probe annotation was obtained from the pd.
hugene.1.1.st.v1 Bioconductor package. The resulting expression matrix and phenotype data
was stored as an ExpressionSet object. The raw intensities for the expression data for each cell
type were read in and normalised separately. The arrayQualityMetrics package was run on the
normalised expression matrices before and after batch correction with ComBat (see below)
and poor quality samples removed. Microarray data are available in the ArrayExpress database
(www.ebi.ac.uk/arrayexpress) under accession number E-MTAB-3554.
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Removal of unwanted expression heterogeneity
Principal components analysis of the expression matrices indicated batch effects. To address
this, we used two alternative approaches. The first approach was removal of unwanted expres-
sion heterogeneity by adjustment for latent factors using Probabilistic Estimation of Expression
Residuals (PEER) [39]. The use of PEER has increased eQTL discovery compared to standard
methods in a number of studies [4, 40]. PEER can model both known confounders and hidden
latent factors in the expression data. We ran PEER specifying batch and sex as known con-
founders, and used the expression residuals as the dependent variable in the subsequent eQTL
scan. For the analysis of cell-type specificity, comparison of direction of effect between cell
types, and for the intersection of eQTLs with GWAS SNPs, we used eQTLs detected from asso-
ciation scans using PEER residuals.
Alternatively, we performed batch correction using the ComBat function from the sva (Sur-
rogate Variable Analysis) Bioconductor package [41]. ComBat was implemented specifying
diagnosis as a covariate of biological interest whose effect should be preserved. This method
was used for the genotype × disease interaction analysis and the pre- and post-treatment
analysis.
Samples used to create expression matrices
The GGtools Bioconductor package [42] was used to combine SnpMatrix and ExpressionSet
objects for patients for whom we had both good quality genotype and expression data to create
an smlSet object. Table 1 shows the numbers of samples available for analysis by disease and
cell type. For the Bayesian joint analysis across cell types presented in Fig 1, we used all avail-
able samples, even if this meant differing sample sizes for each cell type. For the estimates of
eQTL cell-type specificity from one-at-a-time cell-type analysis, we confined eQTL mapping to
individuals with expression data available for all cell types to ensure equal power for each cell
type. In the latter scenario, subsetting was performed after pre-processing and adjustment for
latent factors or batch correction. In order to make direct comparisons with results from sepa-
rate cell-type analysis, we also used the Bayesian method on the subset of individuals with
expression data available for all cell types (S19 Fig). For the detection of eQTLs to intersect
with GWAS SNPs, we used all available samples to maximise power, even if this meant differ-
ing sample sizes for each cell type. The expression versus genotype boxplots in Figs 2, 3, 6, 7
and 8 show all individuals for whom we have good quality expression and genotype data rather
than restricting to the subset of individuals with expression data available for all cell types.
Filtering the expression data
Filtering of probesets in the expression data was performed prior to the eQTL scan. Filtering of
expression data has been shown to increase power to detect differentially expressed genes, and
should not bias FDR estimates as long as the variable of interest is not used in the filtering step
[43]. Probesets on sex chromosomes and those which did not map to an Entrez gene ID were
removed. The remaining probesets were then filtered by variance (Bioconductor genefilter
package). As well as increasing power, filtering by variance has two additional benefits. First,
genes which are expressed homogeneously are not informative in an eQTL analysis. Second,
unexpressed genes will show little variability between samples and thus filtering on the basis of
lack of expression variability is a reliable method for detecting and excluding unexpressed
genes from further analysis [44]. In the downstream analysis we compared eQTLs detected in
each cell type. In order make these comparisons valid, it was necessary to perform eQTL map-
ping on the same filtered list of probesets in each cell type. To achieve this, we retained any
gene whose variance across samples was in the upper quartile in any one of the cell types. For
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the joint IBD-HV analysis, this resulted in 9,041 probesets when using all available samples,
and 9,242 when restricting to the 65 individuals with expression data available for all cell types.
For the AAV analysis, the same filtering procedure resulted in 8,916 probesets when using all
available samples, and 8,979 when restricting analysis to the 33 patients with complete expres-
sion data available for CD4 T cells, CD8 T cells, monocytes and neutrophils.
Analysis limited to 5,186 probesets expressed in all cell types
This analysis was performed using the IBD-HV dataset, restricted to the individuals with
expression data available for all 5 cell types (n = 65). To identify probesets targeting robustly
expressed genes in each cell type, the following procedure was performed. First we calculated
the mean expression of each probeset across all samples from a given cell type (using expres-
sion data that had been RMA-normalised and then batch-corrected with ComBat). To deter-
mine thresholds for declaring probesets as expressed or non-expressed in that cell type, we
used the normalmixEM function from R package mixtools to fit a mixture of two Gaussian dis-
tributions to the vector of mean probeset expression values. Starting values for the expecta-
tion–maximization (EM) algorithm were chosen assuming 50% of expressed probesets, and
the initial mean values of the underlying Gaussian distributions were set equal to the first and
third quartile of the probeset expression distribution. The distribution with the lowest mean
expression was considered as that corresponding to non-expressed genes. A detection thresh-
old was set by taking the 95th percentile of this distribution. Probesets whose mean expression
was above the detection threshold were considered to be expressed in that cell type. Subse-
quently, probesets that did not map to an Entrez gene ID were removed. The lists of probesets
expressed in each cell type were then intersected to find those expressed in all cell types. Probe-
sets on the sex chromosomes, and those which did not map uniquely to an Entrez ID were
removed. This resulted in 5,186 probesets. The matrix of PEER-adjusted expression data was
then subsetted to retain only these probesets, and the eQTL scan was performed using the
residuals from PEER as the dependent variable.
eQTL mapping
We performed cis eQTL mapping with the All.cis function in the GGtools Bioconductor pack-
age. Previous work has suggested that the most cis eQTLs are approximately centred around
the transcribed region, with few eQTLs lying more than 50kB from the gene [6, 7, 45]. For each
gene, we defined cis SNPs as those lying in the region spanning 100kB up and downstream
from the gene start and end positions respectively. SNP location information was obtained
using the Bioconductor package SNPlocs.Hsapiens.dbSNP.20120608 (dbSNP Build 137). Sen-
sitivity analysis using varying distances to define cis found no increase in eQTL discovery for
cis distances greater than 100 kB using a 5% FDR significance threshold.
The All.cis function calculates association statistics (score tests) for each cis SNP-transcript
pair. Specifically, the function fits a generalized linear model with transcript abundance as the
continuous dependent variable and genotype as the predictor variable. Optionally, potential
confounders of an expression-genotype association can be included as covariates. Genotype is
a discrete variable coded 0, 1, or 2 according to allelic dose (i.e. homozygous SNP genotypes are
coded 0 or 2 and heterozygous genotypes are coded 1). For each gene, each SNP in the cis
region was tested in turn for association with mRNA abundance (after adjustment with PEER)
using an additive genetic model; after the base model was fitted (i.e. a model with an intercept
and any specified covariates), a score test was then performed for addition of genotype to the
model. The tests used are asymptotic chi-squared tests based on the vector of first and second
derivatives of the log-likelihood with respect to the parameters of the additive model. Where
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the dataset comprised more than one disease grouping (i.e. IBD and healthy individuals), the
diagnostic grouping was included as an additional covariate. We did not include sex as a covar-
iate, as sex had already been specified as a known confounder when running PEER.
GGtools provides estimates of the FDR through estimation of the distribution of statistics
under the null by breaking expression-genotype relationships through permutation of sample
labels (the ‘plug-in FDR’ method [46]- see S1 Text). A 5% FDR was used to declare statistical
significance.
cis eQTL cell-type specificity
To evaluate eQTL cell-type specificity, we used the eQTLBMA package which implements the
method described by Flutre et al [16]. We ran this according to the instructions in the user man-
ual. Briefly, we first transformed the expression level of each gene into the quantiles of a stan-
dard Normal distribution. Ties were broken randomly. We then ran the eqtlbma_bf
programme, to compute the Bayes factors assessing the support in the data for each probeset-
SNP pair being an eQTL. We analysed the IBD patient and HV data together, specifying disease
status as a covariate. To maximise power, we used all available samples (from 91 IBD patients
and 43 HVs), even if this meant that for some individuals we did not have full expression data
for all cell types. In this scenario we used the option --error hybrid. Samples from AAV
patients were analysed separately to avoid difficulties that might arise from combining genotype
data from a separate platform. Again, we used all available samples. The output file containing
the Bayes factors was then fed into the eqtl_hm programme, to fit the hierarchical model with
an EM algorithm, and get to maximum-likelihood estimates of hyper-parameters and the con-
figuration probabilities. To obtain the posterior probabilities, we need an estimate of the proba-
bility for a gene to have no eQTL in any tissue, π0. To do this, we implemented the EBF
procedure, using the gene-level Bayes factors averaged over the grid and configuration weights
(estimated via the EM algorithm). Finally we ran eqtlbma_avg_bfs to obtain (i) the poste-
rior probability (PP) for the gene to have an eQTL in at least one cell type, (ii) the PP for a SNP
to be “the” eQTL, assuming one eQTL per gene, (iii) the PP for the SNP to be an eQTL, (iv) the
PP for the eQTL to be active in a given tissue, and (v) the PP for the eQTL to be active in a given
configuration. We used a PP corresponding to a 5% Bayes FDR as the significance threshold.
To evaluate estimates of eQTL cell-type specificity from one-at-a-time cell-type analysis, we
limited the IBD-HV analysis to 65 individuals (47 IBD patients, 18 HVs) in whom samples
passing expression quality control were available for all five cell types. By using the same set of
individuals, the sample size and genotype matrix (predictor variables) were identical for each
cell type. In order to make a fair comparison between the results from the one-at-a-time cell-
type analysis and those from eQTLBMA, we re-ran eQTLBMA on these same 65 individuals
with full expression data for all 5 cell types. In this latter scenario we used the option
--error mvlr (S19 Fig and S1 Text).
Discovery of eQTL with opposing directions of effects between cell types
For all possible pairings of the cell types, we took those eSNP-gene associations that were statis-
tically significant in both members of the pair in the one-at-a-time cell-type analyses (FDR
<0.05), and compared the direction of effect on expression in each. We did this by plotting the
estimated coefficient (beta) for the genotype term in the first cell type against that in the sec-
ond. The betas were estimated from regressing PEER-adjusted expression on genotype using
the lm function in R. For the IBD-HV analysis, disease status was included as a covariate.
eQTLs with opposing directions of effect between cell types have a positive beta in one cell type
but a negative beta in the other (see S1 Text for more detailed discussion).
eQTL Mapping in Multiple Cell Types in Immune-Mediated Disease
PLOS Genetics | DOI:10.1371/journal.pgen.1005908 March 25, 2016 20 / 29
Genotype × disease interaction analysis
To identify eQTLs influenced by the presence or absence of inflammatory disease we analysed
the joint IBD-HV dataset using a linear model with a genotype × disease interaction term.
Expression data for each cell type was RMA normalised separately, but within each cell type
expression data from healthy individuals and IBD patients were normalised together. We used
expression data that had been batch-corrected with ComBat, as adjustment for latent factors
with PEER might remove genuine disease effects. We again restricted testing for each gene to
cis SNPs. For each gene-SNP pair, a linear model was fitted using expression as the dependent
variable, and genotype (coded 0,1, or 2), disease status (coded 0 and 1 for healthy and IBD
respectively), and a genotype × disease interaction term as the predictor variables. This was
performed in R using the lm function.
Fitting a model with an interaction term is statistically more robust than the naïve approach
of separate analysis of IBD and HV cohorts, followed by comparison of the resulting lists to
find eQTLs common to both groups, and those identified only in IBD or only in HVs. The lat-
ter approach would result in an excess of false declarations of group-specific eQTLs. In particu-
lar, the comparison of lists approach is unduly influenced by the difference in statistical power
to detect eQTLs in each group when the group sample sizes are different. The IBD group was
larger than the HV group, and so there was greater power to detect eQTLs in the former. This
would have led to many false declarations of IBD-specific eQTLs had we used the comparison
of lists approach (see S1 Text for more detailed discussion).
The analysis was performed for CD4 T cells, CD8 T cells, monocytes and neutrophils. B
cells were not analysed due to the low number of samples available from healthy individuals.
For each cell type, we used all available IBD and HV samples (see Table 1 for sample sizes). We
limited testing of SNPs to those with MAF of 10% or higher, as power decreases with decreas-
ing MAF. Probesets were filtered in the following order: first, removal of probesets that were
non/lowly expressed in that cell type, and those which did not map to an Entrez gene ID; sec-
ond, filtering of the remaining probesets by variance to retain only those in the upper 40%.
Interaction effects are harder to detect than main effects, so to improve our power we
employed a ‘two-step’ procedure adapted from methods used to detect genotype-environment
interactions in GWAS [47]. ‘Two-step’ procedures aim to reduce the multiplicity burden asso-
ciated with having a large number of variables to explore by applying some filter (step 1) on the
number of variables actually tested (step 2). In order to prevent biasing of FWER/FDR esti-
mates, the filtering procedure used in step 1 should be independent of the final test statistics in
step 2. In step 1 we performed linear regression of expression on genotype (main effect of geno-
type), with no covariates. Importantly, by not including disease status as a covariate, we
ensured independence of the step 2 statistics [47]. SNP-gene pairs passing the step 1 threshold
α1 were eligible for step 2 testing. We used a p-value of 5×10
-5 for α1. A more liberal α1 allows
more SNP-gene pairs through to step 2, but at the price of more multiple testing and a more
stringent threshold in step 2. In addition, because there were multiple correlated SNPs due to
LD, where multiple SNPs were significantly associated with the same gene at the threshold α1,
only the most significant SNP per gene was taken forward to step 2.
In step 2, we fitted the full model with regression of expression on genotype, disease and a
genotype × disease interaction term. P-values for the interaction terms were then adjusted for
the number of tests performed in step 2 with the p.adjust function in R using the Benjamini-
Hochberg procedure, and a 0.15 FDR threshold used to declare significance. Q-values were
also calculated.
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Comparison of eQTLs in AAV pre- and post-treatment
Each cell type was analysed separately. We used eQTLBMA to jointly analyse expression data
from the 3 timepoints: baseline, 3 months, and 12 months. We used we used the option
--error hybrid as the individuals in each subgroup were overlapping but not identical.
For genes with a significant eQTL (5% Bayes FDR), we took the SNP with the highest posterior
probability for being the eQTL. For this list of SNP-gene associations, we then assessed the pos-
terior probabilities for each of the 23 − 1 = 7 possible configurations.
Intersection of eQTLs with GWAS hits
To identify the effects of disease-associated SNPs on gene expression, and how this varies
between cell types, we examined the overlap of SNPs associated with complex traits from the
NIH National Human Genome Research Institute GWAS catalogue (http://www.genome.gov/
gwastudies/) (download date 20 May 2015) with eQTL SNPs (eSNPs) discovered in each cell
type in our analysis. The SNPs identified in eQTL studies or GWAS are not necessarily them-
selves causal variants, but instead may be in LD with them. Therefore GWAS tag SNPs, and
proxy SNPs in high LD with them (r2>0.8), were cross-referenced with cis eQTLs found in
each cell type. SNAP was used to identify proxy SNPs (http://www.broadinstitute.org/mpg/
snap/), using the 1000 Genomes (http://www.1000genomes.org/about) pilot 1 data (CEU indi-
viduals) as the reference population.
To define the eSNPs for cross-referencing, we repeated the analysis using two levels of strin-
gency for declaring colocalisation of eQTL and GWAS signals. For the basic criteria, a GWAS
signal was declared to colocalise with the eQTL if the GWAS SNP or one of its proxies was a
significant eQTL (FDR<0.05). For the more stringent criteria, in addition to the basic criteria,
the GWAS SNP or one of its proxies had to be the most significant cis eSNP for that gene (S1
Text, S16 Fig).
For the detailed examination of the effects of IBD-associated SNPs on gene expression, we
took SNPs identified in the IBD GWAS meta-analysis [16] as hits in either Crohn’s disease
(CD), ulcerative colitis (UC) or both (IBD) (Supplementary Table 2 of that paper), and cross-
referenced these SNPs and proxies (r2>0.8) with the eQTL SNPs from our analysis as above
(see S1 Text).
Colocalisation testing
Colocalisation testing was performed using the coloc package [21]. We used the publically
available summary statistics for IBD, CD and UC GWAS meta-analysis by Jostins et al [17]
along with our eQTL data.
Data availability
1) Expression data has been deposited into ArrayExpress (accession number E-MTAB-3554).
2) Genotype data has been deposited into the EGA (study accession number
EGAS00001001251, url https://www.ebi.ac.uk/ega/studies/EGAS00001001251). Controlled
access for scientific researchers is available via requests to the data access committee
(EGAC00001000338). 3) Summary statistics for all significant eQTLs for each cell type and
dataset are included as a compressed tarball (S1 Data).
Supporting Information
S1 Fig. Estimates of eQTL cell-type specificity from separate cell-type analysis and ‘compar-
ison of lists’. Analysis using PEER-adjusted expression data. (a) Overlap in genes with
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significant eQTLs (FDR<0.05) according to cell type in the joint IBD-HV analysis (n = 65),
and the AAV analysis (n = 33). (b) Number of genes with an eQTL, subsetted according to the
number of cell types in which the eQTL was detected. The bar for eQTLs detected in only one
cell type is subdivided according to which cell type the eQTL was detected in. The denominator
for the percentages shown is the total number of genes for which an eQTL was detected in at
least one cell type. (c) Jaccard coefficients (as %) for similarity in eQTL profiles between all pos-
sible pairwise comparisons of cell types.
(PDF)
S2 Fig. Overlap in significant (cis) SNP-gene associations (FDR<0.05) according to cell
type (IBD-HV data) using separate cell-type analysis. In contrast, S1 Fig shows the number
of genes with eQTLs in each cell type. Analysis restricted to 65 individuals (IBD patients and
HVs) with expression data available for all cell types. PEER residuals were used in the eQTL
scans, with disease as a covariate.
(PNG)
S3 Fig. Estimates of eQTL sharing across leucocyte subsets from joint modelling of expres-
sion data across cell types (eQTLBMA), restricted to 93 individuals (IBD-HV data) with
complete expression data for CD4 T cells, CD8 T cells, monocytes and neutrophils. (a)
Number of probesets with an eQTL, subsetted according to the number of cell types in which
the eQTL was declared present. Each bar is subdivided according to which cell type the eQTL
was detected in. The denominator for the percentages shown is the total number of genes for
which an eQTL was detected in at least one cell type (5% Bayes FDR). Analysis using PEER-
adjusted expression data. %s rounded to 1 d.p. (b) Jaccard coefficients, as %. Key: CD4 = CD4
T cells, CD8 = CD8 T cells, CD14 = monocytes, CD16 = neutrophils.
(PDF)
S4 Fig. Examples of cell-type- and lineage-specific eQTLs from Fig 2B showing expression
values after adjustment with PEER. For ease of biological interpretation, in Fig 2B boxplots of
the RMA-normalised expression values before adjustment with PEER were shown. Here we
show expression values after adjustment of the log2 RMA-normalised expression values for
batch, sex and latent factors with PEER. It should be noted that these PEER-adjusted expres-
sion values, and not the expression values in Fig 2B, were used in the eQTL scan, with disease
status included as a covariate. Blue and red dots represent healthy volunteers and IBD patients
respectively. Sample sizes: CD4 T cell 121, CD8 T cell 108, monocyte 124, neutrophil 121, and
B cell 80. ns = not significant using a 5% FDR significance threshold. (a)Monocyte-specific,
(b)myeloid-specific, and (c-d) T lymphocyte-specific eQTLs.
(PDF)
S5 Fig. Jaccard coefficients for eQTL sharing between cell types from the analysis using
eQTLBMA. (a) IBD-HV analysis (n = 134). (b) AAV analysis (n = 46). All available samples
were used, even if expression data was missing for some cell types. For Jaccard coefficients
from the analysis restricted to 65 individuals with complete expression data across all 5 cell
types, see S19 Fig.
(PDF)
S6 Fig. Estimates of eQTL ‘sharing’ using eQTLBMA, after permutation of CD4 T expres-
sion data. (a) Number of probesets with an eQTL, subsetted according to the number of cell
types in which the eQTL was declared present (taking the cell-type configuration with the high-
est posterior probability). (b) Jaccard coefficients, as %.
(PDF)
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S7 Fig. eQTL cell-type specificity is partly driven by lack of expression in certain cell types.
Estimates of eQTL sharing from eQTLBMA, with analysis limited to probesets expressed in all
5 cell types. This analysis was performed on the 65 individuals (IBD patients and HVs) with
expression data available for all cell types. PEER residuals were used in the eQTL scans, with
disease status as a covariate. (a) Number of probesets with an eQTL, subsetted according to the
number of cell types in which the eQTL was declared present. Each bar is subdivided according
to which cell type the eQTL was detected in. The denominator for the percentages shown is the
total number of probesets for which an eQTL was detected in at least one cell type. (b) Jaccard
coefficients for eQTL sharing (as %).
(PDF)
S8 Fig. Detection of eQTLs with opposing directions of effects between pairs of cell types
using the subset of IBD patients and HVs for whom we have expression and genotype data
in CD4 and CD8 T cells, monocytes and neutrophils (n = 93). Each point represents a SNP-
gene association that was statistically significant in both cell types (FDR<0.05). For each SNP-
gene association the axes show the estimated effect size (beta) in each cell type. eQTLs with
opposing directions of effect between cell types have a positive effect size in one cell type but a
negative one in the other (points in the upper left and lower right quadrants). The names of
genes with such eQTLs are printed in red. As a consequence of LD, there are sometimes multi-
ple eSNPs significantly associated with one gene, so there are more points in the upper left and
lower right quadrants than gene names printed on the plot.
(PDF)
S9 Fig. Detection of eQTLs with opposing directions of effects between pairs of cell types
using the subset of IBD patients and HVs for whom we have expression and genotype data
in all five cell types (n = 65). In contrast in S8 Fig we showed the n = 93 individuals for whom
we had complete data across CD4 and CD8 T cells, monocytes and neutrophils. Each point
represents a SNP-gene association that was statistically significant in both cell types (FDR
<0.05).
(PDF)
S10 Fig. Effect sizes by cell type in the analysis of the IBD cohort alone, using all available
IBD samples.N = 79, 67, 83, 82 and 60 for CD4 T cells, CD8 T cells, monocytes, neutrophils
and B cells respectively.
(PDF)
S11 Fig. Effect sizes by cell type in the analysis of the AAV cohort alone, using all available
AAV samples. N = 41, 40, 45, and 43 for CD4 T cells, CD8 T cells, monocytes and neutrophils
respectively.
(PDF)
S12 Fig. Illustration of genotype × disease (G×D) interaction effects. Genotype is coded 0,1
or 2 according to the number of copies of the minor allele.
(PDF)
S13 Fig. IBD-associated SNPs that overlap with eQTLs. SNPs identified in the IBD meta-
analysis by Jostins et al [17] as associated with IBD (both CD and UC) that are eQTLs are
listed. SNPs are ordered by chromosome and position. Red blocks indicate that the SNP, or a
proxy in high LD (r2>0.8), is an eQTL in our analysis. eQTLs identified in ref. [17] are shown
in grey. An asterix indicates additional information added by our analysis (either an eQTL
where none was reported, or where we find the SNP is an eQTL for a different gene in at least
one cell type from those previously identified; such novel candidate genes are indicated in
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bold). SNPs where neither we nor previous database mining [17] identify an eQTL are included
in S4 Table. SNPs associated with Crohn’s disease or ulcerative colitis (but not both) that are
eQTLs are shown in S14 Fig.
(PDF)
S14 Fig. SNPs associated with Crohn’s disease (CD) or ulcerative colitis (UC) (but not
both) which are eQTLs. (a) CD-specific SNPs from the IBD GWAS meta-analysis by Jostins
et al [17] which are eQTLs. (b) UC-specific SNPs which are eQTLs. SNPs associated with
both CD and UC are shown in S13 Fig. SNPs were taken from Supplementary Table 2 of the
IBD GWAS meta-analysis by Jostins et al [17], and are ordered by chromosome and position.
Red blocks indicate that the SNP or a proxy in high LD (r2>0.8) is an eQTL in our analysis
(using PEER-adjusted expression data and all available IBD and HV samples, i.e. not
restricted to the individuals for whom genotype and expression data was available in all cell
types). The gene(s) whose expression is associated with that SNP are printed on the plot.
eQTLs identified through database mining in ref. [17] are shown in grey. Any SNP highlighted
with an asterix indicates additional information added by our analysis (either an eQTL where
none was reported in ref. [17], or where we find the SNP is an eQTL for a different gene in at
least one cell type from those previously identified; such novel candidate genes are indicated
in bold). SNPs where neither we nor ref. [17] identify an eQTL are not shown here, but are
included in S4 Table.
(PDF)
S15 Fig. Genes whose expression is associated with IBD susceptibility SNPs.We took eQTL
SNPs identified in each cell type in the joint HV-IBD analysis (using PEER-adjusted expression
data, FDR<0.05), and intersected them with the list of IBD-associated SNPs from the NHGRI
GWAS catalogue and proxies in high LD (r2>0.8). We thus identified SNPs which are both
eQTLs and are associated with IBD. Here we show the genes whose expression is associated
with these SNPs in each cell type. Grey shading indicates the gene has a cis eQTL which is an
IBD hit or one of its proxies. The ordering of the cell types and genes is the result of hierarchi-
cal clustering. Here we use all eSNPs passing the 5% FDR significance threshold as the eQTL
SNPs. In contrast, S16 Fig uses only the best eQTL per gene.
(PDF)
S16 Fig. Overlap of IBD-associated SNPs with eQTLs: more conservative definition for
overlap (genes whose best eQTL is an IBD susceptibility SNP). From the list of significant
eQTL SNPs (FDR<0.05, joint HV-IBD analysis, PEER-adjusted expression data), we took
only the best cis eQTL SNP per gene (in contrast with S15 Fig where we used all significantly
associated SNPs). We intersected these SNPs with the list of IBD-associated SNPs from the
NHGRI GWAS catalogue and proxies in high LD (r2>0.8). Grey shading indicates the gene’s
best cis eQTL is an IBD GWAS hit or one of its proxies. The ordering of the cell types and
genes is the result of hierarchical clustering.
(PDF)
S17 Fig. LD block around the rheumatoid arthritis-associated SNP (rs3761847) in the
TRAF1-C5 region. (a) LD structure visualised using Haploview. (b) r2 to rs3761847 in CEU
population (plot made using SNAP https://www.broadinstitute.org/mpg/snap/). Positions
shown are hg18 genome build.
(PDF)
S18 Fig. Principal components analysis of the genotype data from IBD patients and HVs,
and from HapMap individuals. Each point represents an individual. Our samples are
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coloured black. Ethnicity of HapMap individuals is indicated by the legend in the bottom left
corner.
(PDF)
S19 Fig. Estimates of eQTL sharing from eQTLBMA, with analysis restricted to the 65 indi-
viduals (IBD-HV dataset) with complete expression data across all 5 cell types. (a) eQTLs
divided according to their ‘best’ configuration across cell types. (b) Jaccard coefficients, as %.
(PDF)
S20 Fig. Distribution of Shannon entropies according to the ‘best’ configuration for eQTL
presence/absence across cell types. The Shannon entropy is a measure of uncertainty, where a
higher entropy indicates more uncertainty. Shannon entropies were calculated on the configu-
ration posterior probabilities for the best SNP for each gene with a significant eQTL (5% Bayes
FDR). Results from joint modelling across 5 cell types using eQTLBMA on the 65 individuals
(IBD-HV dataset) with complete expression data across all 5 cell types. CD4 = CD4 T cells,
CD8 = CD8 T cells, CD14 = monocytes, CD16 = neutrophils, CD19 = B cells.
(PDF)
S1 Table. eQTLs with significant genotype × disease interaction terms. eQTL mapping with
expression data that were batch-corrected with ComBat. The columns marked ‘pval.bh’, ‘pval.
bonf’ and ‘qval’ indicate Benjamini-Hochberg adjusted p-values, Bonferonni corrected p-val-
ues, and q-values respectively.
(XLSX)
S2 Table. Overlap of eQTL SNPs identified in the joint IBD-HV analysis (using PEER-
adjusted expression data) with GWAS SNPs from the NHGRI GWAS catalogue. Columns
labelled ‘Disease.trait’, ‘PUBMEDID’, ‘Mapped gene’ and ‘Context’ are taken from the.txt file
download of the NHGRI GWAS catalogue and refer to the SNP in the ‘gwasSNP’ column. Col-
umns ‘PROBEID’, ‘ENTREZID’, and ‘SYMBOL’ refer to the probeset and corresponding gene
for which the SNP (‘eSNP’) is an eQTL. The LD (r2) between the eSNP and the GWAS tag SNP
is indicated in the column ‘RSquared’. The column labelled ‘scores’ shows 1 degree of freedom
chi-squared scores.
(XLSX)
S3 Table. Overlap of eQTL SNPs identified in the AAV analysis (using PEER- adjusted
expression data) with GWAS SNPs from the NHGRI GWAS catalogue. Columns labels as
per S2 Table.
(XLSX)
S4 Table. Genes whose expression is associated with IBD-associated SNPs or proxy SNPs in
high LD. SNP lists taken from Supplementary Table 2 of the paper by Jostins et al [17], as
described in S1 Text. The column marked ‘snp.type’ provides SNP annotation from SNPnexus.
‘NA’ indicates no gene found to be significantly associated with the disease-associated SNP.
(XLSX)
S5 Table. Sample breakdown by sex and diagnosis, indicating for which cell types expres-
sion data were available.
(XLSX)
S1 Text. Supplementary Information.
(PDF)
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S1 Data. Supplementary Data. Compressed tarball containing a folder of eQTL summary sta-
tistics from each analysis.
(GZ)
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